after movement onset were considered as movement responsive. 143 To identify movement-responsive MSNs in our single unit data, average firing rates of MSNs 144 were sorted based on their peak time within the interval from one second before to one second 145 after movement initiation. MSNs with a peak firing rate between 150 ms before to 150 ms after 146 movement onset were considered as movement-responsive MSNs (n = 100; see Figure 1E ).
147
To determine whether a recorded unit showed a ramping firing pattern, we computed the average 148 firing rates of each unit from one subregion over trials with a 50 ms sliding time window moving 149 in steps of 10 ms from 1 s before the time of Go cue to the time of Go cue. Each resulting 150 average firing rate was then normalized to values between 0 and 1 and then mean-subtracted 151 before applying principal component analysis. First, we computed the corresponding covariance 152 matrix of all normalized zero-mean firing rates. and then performed eigendecomposition on the 153 covariance matrix using the eig function of MATLAB. The projection p of each normalized zero-154 mean average firing rate r to the first eigenvector (corresponding to the maximum eigenvalue) was 155 then computed as the normalized dot product: p i = r i , v 1 /λ 1 , where i is the unit index and v 1 the 156 eigenvector with the largest eigenvalue λ 1 . This yielded one projection value p i for each recorded 157 unit. As the first eigenvector had a positive ramp over time, positive and negative projection values 158 corresponded to positive and negative activity ramps of a recorded unit over time, respectively. 159 The standard deviation of the projection distribution from a random covariance matrix is 1/ √ n 160 (Anderson, 2003) , with n being the number of units. We considered neurons with a projection 161 larger than 2/ √ n or smaller than −2/ √ n as positive and negative ramp neurons, respectively 162 (Figures 2A, B ). This analysis method was applied to determine positive and negative ramps in frequency, the Hilbert transform of the filtered signal was computed to obtain a phase over time.
213
The phase spread for each time point was then calculated by computing the length of the mean 214 resultant vector over all trials using M RL(t) = 1 n n e iθ(n,t) , where θ(n, t) is the phase of the nth each frequency in the beta range. The mean resultant lengths shown in Figure 4 were computed 217 by taking the average across all beta frequencies.
218 6 healthy animals, we devised realistic stimulation patterns for the network model based on single 222 unit recordings in rats performing a cued choice task (Schmidt et al., 2013; Mallet et al., 2016) . At 223 the beginning of each trial, the rat entered one of three center nose ports in an operant chamber 224 ("Nose-in" event; Figures 1A, B ). The rat was trained to then hold its position for a variable time 225 interval ("Holding time"; 500-1200 ms) until a Go cue instructed the rat to quickly move its head 226 to the adjacent left or right side port ("Nose-out" event; Figures 1A, B ). Correct performance of 227 the task was rewarded with a sugar pellet. While the animals performed the task we recorded responses that could be classified as sensory or motor, in STN and GPe we found many units 264 which exhibited a firing pattern that resembled a "ramp", a continuous change in firing rate.
265
A ramping pattern was present in the activity of 77% (176/226) of the STN units with either 266 significantly increasing (positive ramp) or decreasing (negative ramp) firing rate while the animal 267 was waiting for the Go cue (Figures 2A, B ). Among the 176 ramping STN units, 44% (78/176) 268 showed positive ramps (Figure 2A ), whereas 55% (98/176) showed negative ramps ( Figure 2B ).
269
However, the mean firing rate increase for the positive ramp units was four times as high as the Figure 2B , bottom). The positive ramp was also observed in the average firing rate of the whole 272 STN population starting 500 ms before the Go cue (data not shown). Functionally, these ramps 273 may correspond to a brake signal, preventing premature movement initiation (Frank, 2006) . 274 We found a similar pattern in the GPe with 71% (106/149) of the units exhibiting a significant 275 ramping activity before the Go cue ( Figures 2C, D) . Among these, 47% (50/106) showed positive 276 ramps ( Figure 2C ) and 52% showed negative ramps ( Figure 2D ). Similar to the STN units, on Schmidt et al., 2013; Mallet et al., 2016) . In the rat LFPs beta power started to increase before 292 the time of movement initiation and then showed a pronounced peak just after movement onset 293 ( Figure 3C, top) . The time course of beta power in the network model exposed to our single-unit this peak had a similar shape and amplitude for both alignment to the Go cue and to movement 375 onset. Therefore, this beta peak does not seem to be simply driven by a sensory or motor event.
376
With the help of our network model, we disentangle the mechanisms underlying these reaction 377 time-dependent complex features of beta.
378
Using our stimulation patterns based on single unit recordings, we studied how different reaction 379 times affect the time course of beta power. We found a strikingly similar effect of reaction time 380 on the time course of beta power in the network model ( Figure 6B ). For long reaction time trials 381 the model exhibited two separate peaks in the mean beta power with the same time course as the 382 experimental LFP data ( Figure 6B ). Furthermore, the peak of the mean beta power in the model 383 after movement onset for short reaction time trials had a higher amplitude than in long reaction 384 time trials, similar to the experimental LFP data (see right panels in Figures 6A and 6B) . The 
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Resulting beta Figure 7 : Scheme of contribution of each stimulation component to the generation of beta oscillations in short (A), and long (B) reaction time trials. Red, green, and blue schematized beta oscillations show the contribution of each individual input (ramp, sensory, and motor inputs, respectively) without the other one. Note that for short reaction time trials, interaction between beta oscillations due to ramp, sensory, and motor inputs leads to transient increase in beta power around the time of movement onset (black trace shows the net effect of the interaction). For long reaction time trials, interaction between beta oscillations due to sensory and ramp inputs leads to transient increase in beta power before the time of movement onset which is followed by another beta epoch due to motor input (black traces show the net effect of the interaction). 
